Abstract: This paper presents a super-efficiency network data envelopment analysis (SE-NDEA) model for 11 cities in China. The model focuses on measuring the performance of public transit system by integrating multiple stakeholders involved in the public transit system with the exogenous environment in which they operated. Thus, local authority, bus operators, passengers, uncontrollable environmental factors, and the externality of the public transit are all taken into account in the measurement framework and are both interrelated inputs and outputs. The measurement framework can simultaneously capture each public transit system's production efficiency, service effectiveness, and operational effectiveness. Meanwhile, undesirable outputs, uncontrollable factors, and boundary-valued variables are considered. The paper evaluates the performance of public transit system of 11 Chinese cities from 2009 to 2016. The results reveal that the exogenous environment has a marked impact on the performance measurement of the public transit system. Super cities tended to perform better than mega cities, and mega cities tended to perform better than large cities. Furthermore, service effectiveness has a significantly positive correlation with production efficiency, and transit rail tends to perform better than the conventional bus. These findings have an important implication for China's bus priority implementation and more general managerial insights for public transit development.
Introduction
According to the recent statistical data, provided by the National Bureau of Statistics (NBS), the total volume of passenger and freight flows was 6.65 million in 2017, which is almost 50% more compared to the total passenger and freight volumes in 2007. However, such a significant increase in passenger and freight flows has led to a series of problems to cities, including traffic congestion and environmental pollution. In such circumstances, all transport modes, whether by sea, air, or land, have to operate more efficiently to serve the growing demand and achieve sustainable development [1] [2] [3] [4] . Among the transport modes in cities, public transit is an effective mode for relieving the pressure of traffic congestion, especially during rush hours [5] . Therefore, from the perspective of the city, proper management and good performance of public transit is beneficial to alleviating urban problems and achieving the sustainable development of cities [6] .
In order to encourage people to use public transit, the Chinese government put forward the bus priority policy in 2004, i.e., it has been implemented for over ten years. During this time, governments at all levels have poured a large number of investments and financial support into the public transit system. It should be noted that the public transit system in this paper refers to buses, trolleybuses, and rail transit in the municipal districts at the city level, excluding public bicycles and taxis. With strong support, certain achievements have been made. Taking Shenzhen as an example, in the period system evaluation. Second, it cannot be ignored that the measurement variables with boundary values may lead to overestimating of the efficiency score, and no studies have addressed this issue. Third, inefficient public transit systems have rarely been further investigated. These considerations represent significant gaps in the literature. Therefore, this study attempts to address these gaps found in previous research by (1) integrating all relevant perspectives into the public transit system evaluation, namely, local authority, bus operators, passengers, uncontrollable environmental factors, and the externality of public transit; (2) constructing a measurement model by simultaneously considering boundary-valued variables, uncontrollable environmental factors, and undesirable outputs; and (3) projecting inefficient transit systems to efficiency in a case study.
Research Design

Measurement Framework
The measurement framework in our study mainly expands on several major existing studies. First, public transit system operation is a complex process involving multiple stakeholders, i.e., bus operators, passengers, and local authority [14] . These three stakeholders participate in the public transit system in different ways. For example, from the bus operators' point of view, they input labor, fuel, and capital to produce public transit service, and obtain economic benefits after the process of passengers' consumption. From the passengers' perspective, they consume the public transit service to meet their daily travel requirements. From the local authority's point of view, they decide whether or not to expand or abolish the transit infrastructure [22] . Moreover, they may provide financial subsidies to bus operators to ensure the regular production of transit service. The subsidy and investment are involved as local authority's input in the production process.
Second, it is worth noting that the exogenous environment in which the public transit system operated may impact the performance of the transit system. For example, population or population density are positively correlated with transit ridership, while car ownership has a negative impact [42] [43] [44] . According to Banker and Morey [45] , the comparison among DMUs should be conducted in a similar or harsher environment. On the other hand, the public transit system, in turn, may have feedback or externality to the exogenous environment, such as accidents, emissions, and others. The externality of public transit also has a significant influence on the performance evaluation [13] . Therefore, measuring the performance of the public transit system should not only investigate the underlying structure of three different stakeholders in the public transit system but also pay attention to the interaction between the public transit system and its exogenous environment. Figure 1 presents the structure of a public transit system with respect to the three perspectives and its interaction with the exogenous urban environment. improve the performance of inefficient transit systems, but only a few studies have carried out efficiency frontier analysis [16, 41] . In a nutshell, most previous studies evaluating the public transit system have considered one or just a few perspectives, and have not included all the perspectives thought to influence public transit system evaluation. Second, it cannot be ignored that the measurement variables with boundary values may lead to overestimating of the efficiency score, and no studies have addressed this issue. Third, inefficient public transit systems have rarely been further investigated. These considerations represent significant gaps in the literature. Therefore, this study attempts to address these gaps found in previous research by (1) integrating all relevant perspectives into the public transit system evaluation, namely, local authority, bus operators, passengers, uncontrollable environmental factors, and the externality of public transit; (2) constructing a measurement model by simultaneously considering boundary-valued variables, uncontrollable environmental factors, and undesirable outputs; and (3) projecting inefficient transit systems to efficiency in a case study.
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Measurement Framework
Second, it is worth noting that the exogenous environment in which the public transit system operated may impact the performance of the transit system. For example, population or population density are positively correlated with transit ridership, while car ownership has a negative impact [42] [43] [44] . According to Banker and Morey [45] , the comparison among DMUs should be conducted in a similar or harsher environment. On the other hand, the public transit system, in turn, may have feedback or externality to the exogenous environment, such as accidents, emissions, and others. The externality of public transit also has a significant influence on the performance evaluation [13] . Therefore, measuring the performance of the public transit system should not only investigate the underlying structure of three different stakeholders in the public transit system but also pay attention to the interaction between the public transit system and its exogenous environment. Figure  1 presents the structure of a public transit system with respect to the three perspectives and its interaction with the exogenous urban environment. Finally, unlike ordinary manufacturing enterprises' production and consumption process, the consumption process of public transit service occurs simultaneously with the production process. More concretely, the public transit service cannot be stored. Once the public transit service is produced, it ceases to exist regardless of whether it was consumed [35] . Therefore, it is quite essential to identify the fact that only a portion of transit service is consumed in general. The consumed service may differ greatly from the produced service. To solve this issue, Yu and Fan [15] proposed production efficiency, service effectiveness, and operational effectiveness to measure the public transit system's production performance, consumption performance, and overall operational performance, respectively. Note that the operational effectiveness is obtained by combining production efficiency and service effectiveness.
To sum up, according to Zhao et al. [14] , the operation of public transit involves three stakeholders, i.e., the local authority provides investment and financial support to the public transit system, bus operators produce the public transit service, and passengers then consume the public transit service. According to Yu and Fan [15] and Karlaftis and Tsamboulas [40] , in order to eliminate the effects of the operating environment on the performance of public transit, it is necessary to incorporate uncontrollable environmental factors into the measurement model. According to Kang et al. [13] , the feedback from public transit to exogenous environment, namely, externality, also has a significant impact on the performance measurement. Therefore, we take all perspectives (i.e., local authority, bus operators, passengers, uncontrollable environmental factors. and the externality of public transit) into account. Consistent with the discussion above, our measurement framework contains five parts, i.e., inputs (the local authority's inputs X 1 , the bus operators' inputs X 2 ), the intermediate outputs (public transit service Z), outputs (the number of passengers Y 1 , bus operators' economic benefits Y 2 ), uncontrollable environmental factors E, and the externality of public transit system U. Meanwhile, the measurement framework can simultaneously capture each public transit system's production efficiency, service effectiveness, and operational effectiveness. Finally, the measurement framework of the public transit system is shown in Figure 2 . Finally, unlike ordinary manufacturing enterprises' production and consumption process, the consumption process of public transit service occurs simultaneously with the production process. More concretely, the public transit service cannot be stored. Once the public transit service is produced, it ceases to exist regardless of whether it was consumed [35] . Therefore, it is quite essential to identify the fact that only a portion of transit service is consumed in general. The consumed service may differ greatly from the produced service. To solve this issue, Yu and Fan [15] proposed production efficiency, service effectiveness, and operational effectiveness to measure the public transit system's production performance, consumption performance, and overall operational performance, respectively. Note that the operational effectiveness is obtained by combining production efficiency and service effectiveness.
To sum up, according to Zhao et al. [14] , the operation of public transit involves three stakeholders, i.e., the local authority provides investment and financial support to the public transit system, bus operators produce the public transit service, and passengers then consume the public transit service. According to Yu and Fan [15] and Karlaftis and Tsamboulas [40] , in order to eliminate the effects of the operating environment on the performance of public transit, it is necessary to incorporate uncontrollable environmental factors into the measurement model. According to Kang et al. [13] , the feedback from public transit to exogenous environment, namely, externality, also has a significant impact on the performance measurement. Therefore, we take all perspectives (i.e., local authority, bus operators, passengers, uncontrollable environmental factors. and the externality of public transit) into account. Consistent with the discussion above, our measurement framework contains five parts, i.e., inputs (the local authority's inputs X 1 , the bus operators' inputs X 2 ), the intermediate outputs (public transit service Z), outputs (the number of passengers Y 1 , bus operators' economic benefits Y 2 ), uncontrollable environmental factors E, and the externality of public transit system U. Meanwhile, the measurement framework can simultaneously capture each public transit system's production efficiency, service effectiveness, and operational effectiveness. Finally, the measurement framework of the public transit system is shown in Figure 2 . 
Methodology
SE-NDEA Model
Due to the network structure of the above measurement framework, we adopt the network DEA method, proposed by Färe and Grosskopf [46] , as the fundamental model in this paper. Meanwhile, given that the advantage of super-efficiency DEA for ranking efficient DMUs further by excluding the DMU itself from the sample set [47] , we combine these two models and generate super-efficiency network DEA (SE-NDEA). Moreover, there may be zero inputs in the measurement, for example, governments do not always provide subsidies to bus operators, so we choose an output-oriented model.
Assume that there are N DMUs and the jth DMU (j = 1, 2, …, N) uses input quantities Xj = {X 1 j, X 2 j} to produce intermediate output quantities Zj and final output quantities Yj = {Y 1 j, Y 2 j}. We also assume that X = (xij)∈R M×N , Z = (zrj)∈R S×N and Y = (yoj)∈R L×N are non-negative. Then, the output-oriented SE-NDEA model can be described as 
Methodology
SE-NDEA Model
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where β 1 and β 2 denote the optimal efficiency score of the production process and consumption process, namely, production efficiency and service effectiveness, respectively. If β 1 ≤ 1, this indicates the DMU is production-efficient. Otherwise, it is production-inefficient. Similarly, if β 2 ≤ 1, this indicates the DMU is service-effective, otherwise, it is service-ineffective. Note that the larger the β, the lower the efficiency. λ 1 and λ 2 are positive intensity variables related to the production process and consumption process. w 1 and w 2 are weight coefficients to define the relative importance of the two processes and, thus, w 1 + w 2 = 1.
SE-NDEA Model with Undesirable Outputs
The SE-NDEA presented above assumes that all inputs and outputs are desirable, and means that the more inputs, the more outputs, and more is always preferred to less [18] . However, the performance measurement of the public transit system does not always abide by this assumption, due to different measurement contents. For example, the outputs from public transit system operation may include the number of accidents, noise pollution, and CO 2 emissions, all of which are undesirable [12] . To solve this issue, some other studies have introduced undesirable outputs by using their reciprocals or opposite number to transform negative outputs into positive ones [38, 48, 49] . Nevertheless, according to Liu and Sharp [50] , the numerical transformation may distort the results, i.e., the evaluation reference and the ranking results may depend on the transformation approach adopted. Thus, in this paper, we use a more general and simpler alternative method proposed by Berg et al. [51] , i.e., treating the undesirable outputs as inputs, namely [INP] . The inequalities for dealing with undesirable outputs are given by n j=1, j j 0
where Z U and Y U are the quantities of undesirable intermediate outputs and undesirable final outputs, respectively. If there are undesirable intermediate outputs in the process of production, we use an inequality constraint (2) to compare the production efficiency by maintaining the undesirable intermediate outputs of the j 0 th DMU as no less than those of the samples. Based on the same idea, if there are undesirable final outputs in the consumption process, the inequality constraint (3) is used to compare the service effectiveness.
SE-NDEA Model with Uncontrollable Constraints
As discussed in Section 3.1, uncontrollable environmental factors may have a significant impact on the performance of public transit systems, such as population and car ownership [43] . Therefore, in order to overcome limitations, we consider the exogenous factors by imposing constraints on the consumption activity as follows:
where E P and E N are the quantity of two types of exogenous factors. According to Yu and Fan [15] , if exogenous factors have a positive correlation with the service effectiveness, we can compare a public transit system's service effectiveness in the case of keeping the exogenous factors equal to or better than the circumstance they face by employing the inequality constraint (4). On the contrary, if exogenous factors have a negative influence on the service effectiveness, an inequality constraint (5) can be adopted to maximize the potential increase of the final outputs (e.g., the number of passengers) for public transit system j 0 while keeping the exogenous factors no better than the current circumstance it faces.
SE-NDEA Model with Boundary-Valued Variables
It is worth noting that one may select ratio variables to measure the performance of public transit, such as the error rate of average headway and passenger satisfaction [11, 39] . However, previous studies do not consider the presence of boundary on these ratio variables. This neglect may overestimate the efficiency score for output-oriented models and result in misleading improvement projections which should have contributed to efficiency. To solve this issue, we introduce additional constraints to Model (1) by taking the following forms:
where Z B and Y B are the quantities of boundary-valued intermediate outputs and boundary-valued final outputs, respectively. In the process of production, we apply an inequality constraint (6) to ensure intermediate outputs with a ratio value of the j 0 th DMU no more than 100, and the inequality constraint (7) It should be noted that the network DEA and super-efficiency DEA are both linear programs [46, 47] , and the constraints we added are a series of linear inequality constraints, familiar from DEA. Therefore, the following SE-NDEA model is also a linear program. The added constraints do not increase the complexity of the model solving. Regarding the linear programming problem, the software of MATLAB (R2018b, The MathWorks, Inc., US) is a powerful tool due to its ready-made linear programming solver. Thus, in this paper, we adopted the R2018b version of MATLAB to solve this model.
Finally, in order to be consistent with previous literature, i.e., the larger the efficiency score, the higher the efficiency, we introduced the reciprocal of β, namely, θ 1 = 1/β 1 and θ 2 = 1/β 2 , to respectively measure the production efficiency and service effectiveness. Moreover, in this paper, we considered the production process to be as important as the consumption process, so we set w 1 = w 2 = 0.5, then the overall performance of public transit system, i.e., operational effectiveness, is 0.5θ 1 + 0.5θ 2 .
Variables Selection
We should not ignore the fact that the DEA scores are highly sensitive to the selection of input and output variables [37] . Therefore, for the purpose of measuring the performance of the public transit system more accurately and realistically, we selected inputs and outputs variables based on the following principles: (a) the acceptance by the national and local department in charge of public transit, (b) the application in previous studies, and (c) the availability of practitioners and researchers.
Regarding input variables of the local authority, the length of bus lines and subsidies have often been used in previous literature [22, 38, 39] . Moreover, the bus prior line is a major measure for governments to improve transit service (e.g., bus speed), so we used the length of bus prior lines as the third input variable of the local authority. Regarding input variables of bus operators, we select employees and vehicles to measure bus operators' labor and capital. Regarding intermediate output variables related to transit service, the conventional variable used in the previous network DEA is vehicle kilometers [15, 52] . However, vehicle-km only measures the quantity of public transit service and does not consider the quality of the transit service. Thus, in addition to vehicle-km, we also adopt average speed and punctuality to measure the public transit service quality. Regarding output variables, bus ticket revenue and annual ridership respectively represent the bus operators' economic benefits and the number of passengers. In addition, from the passengers' perspective, ridership represents the passengers' objective behavior, so we concurrently capture passenger satisfaction as another final output for measuring the passengers' subjective perception [53] . Note that the punctuality and passenger satisfaction are both variables with boundary values. Regarding externality variables, because public transit has the positive externality of reducing traffic accidents, we choose the death toll for measuring the feedback of the public transit system on the external environment. This externality variable needs to be minimized. At last, regarding uncontrollable environmental variables, population and car ownership were considered, referring to earlier literature [42] [43] [44] . All descriptions and sources of variables used in this paper are shown in Table 1 . 
Empirical Study
Data
In this study, the unit of analysis is the public transit system. Thus, annual data at the city level are used. Although bus priority policy was put forward in China in 2004, most cities have not been implemented until 2008. Therefore, we will perform an empirical study with the data corresponding to an eight-year period, from 2009 to 2016. Measure the performance of the public transit system in this period is meaningful for China.
We collected a set of empirical data from 11 Chinese cities: Shenzhen, Guangzhou, Shijiazhuang, Suzhou, Jinan, Hangzhou, Hefei, Taiyuan, Urumqi, Haikou, and Yinchuan. These are all exemplary cities of transit metropolis construction in China. Their public transit performance is representative to a certain extent. According to the "Notice on Adjusting the Standard of Urban Size" proposed by China's State Council in 2014, these cities are divided into three categories based on the populations of habitual residents, as shown in Table 2 . One year in each city is considered as a DMU. Table 3 provides the variables' descriptive statistics for the dataset. 
Results
Performance Review
After running the SE-NDEA model using the software of MATLAB, we obtain 11 cities' production efficiency, service effectiveness, and operational effectiveness from 2009 to 2016. All scores are presented in Tables A1-A3 in the Appendix A. Note that if the score of efficiency or effectiveness is equal to or greater than unity, it is considered "efficient". If the score is between 0.8 (inclusive) and 1, it is "fairly efficient". If the score is less than 0.8, it is "inefficient". Table 4 summarizes the overall performance results of all cities and their ranking order. It is worth noting that the overall performance of a city is calculated by the average score from 2009 to 2016. As can be seen, these operational effectiveness scores are between 0.65 and 1.05. This shows that there are great differences in the public transit operation among cities. There was only one city whose public transit operation was considered effective-Guangzhou. Moreover, Guangzhou was also the only city that achieved efficient production and effective service at the same time. Meanwhile, nearly two-thirds of cities have a fairly effective public transit system. They are Shenzhen, Suzhou, Hangzhou, Yinchuan, Jinan, Haikou, and Urumqi. Finally, public transit operation in Hefei, Shijiazhuang, and Taiyuan were ineffective. Taiyuan, in particular, had the worst public transit performance among all cities. This is due to the fact that Taiyuan's outputs are insufficient compared with other cities. For example, the passenger satisfaction of Taiyuan is relatively low according to its operational data.
From the overall perspective, super cities tended to perform better than mega cities, and mega cities tended to perform better than large cities. It is interesting to find that some cities tend to perform well on one measure and perform badly on the other. For example, Yinchuan has relatively high service effectiveness (0.99) and low production efficiency (0.70). Further, Figure 3 presents the service effectiveness versus production efficiency of all DMUs. For super cities, the service effectiveness was generally lower than the production efficiency, whereas, for large and mega cities, the service effectiveness was generally higher. These results suggest that, for a number of exogenous and operational reasons, a city with a large population is more likely to be production-efficient than service-effective.
The above conclusion raises the question: How are production efficiency and service effectiveness related? Using the scores of production efficiency and service effectiveness of all DMUs, the correlation coefficient between the two variables was calculated. The value of Pearson correlation is 0.386, and the p-value equal to 0.000 is smaller than 0.05 (2-tailed). This implies that service effectiveness has a significantly positive correlation with production efficiency, i.e., a city that performs well in production process tends to also perform well in consumption process. This is consistent with the findings by Karlaftis [35] .
From the time dimension, Figure 4 shows the operational effectiveness trends from 2009 to 2016. In particular, the proportion of operational effectiveness less than 0.7 remains constant (9.09%), and the operational effectiveness between 0.7 (inclusive) and 0.9 decreased by 18.18%, and the corresponding operational effectiveness which is equal to or greater than 0.9 increased by 18.18%. Clearly, there has been a steady increase in the performance of public transit system. This indicates that the bus priority policy has had a positive effect in China. The above conclusion raises the question: How are production efficiency and service effectiveness related? Using the scores of production efficiency and service effectiveness of all DMUs, the correlation coefficient between the two variables was calculated. The value of Pearson correlation is 0.386, and the p-value equal to 0.000 is smaller than 0.05 (2-tailed). This implies that service effectiveness has a significantly positive correlation with production efficiency, i.e., a city that performs well in production process tends to also perform well in consumption process. This is consistent with the findings by Karlaftis [35] . From the time dimension, Figure 4 shows the operational effectiveness trends from 2009 to 2016. In particular, the proportion of operational effectiveness less than 0.7 remains constant (9.09%), and the operational effectiveness between 0.7 (inclusive) and 0.9 decreased by 18.18%, and the corresponding operational effectiveness which is equal to or greater than 0.9 increased by 18.18%. Clearly, there has been a steady increase in the performance of public transit system. This indicates that the bus priority policy has had a positive effect in China. In addition, compared to conventional bus, transit rail has the advantage of large capacity, high speed, greater punctuality and energy saving, and is gradually shouldering the backbone of urban public transit systems. Hence, an important question needs to be answered: Is transit rail's operational effectiveness higher than that of conventional bus? Figure 5 exhibits a comparison between the two modes in the four cities that have put transit rail into operation. The figure clearly reveals that transit rail has surely more operational effectiveness than conventional bus. However, even with this superiority, the transit rail does not always have the ability to improve the operational effectiveness of the whole public transit system. For example, Suzhou's average operational effectiveness of the whole system is equal to that of conventional bus (0.92). This implies that Suzhou's operational effectiveness has not improved since the transit rail opened. Hangzhou's operational effectiveness has even descended (0.89 to 0.85). It is remarkable that Shenzhen and Guangzhou have respectively put eight and nine rail lines into operation by the time of this study, and Suzhou and Hangzhou have opened two and three lines, respectively. We infer that the transit rail network scale in a city may determine whether the transit rail has a positive effect on the overall operational effectiveness of the urban public transit systems. That is to say, in a city with a large-scale transit rail, the transit rail may improve the city's overall operational effectiveness; otherwise, this is not the case. In addition, compared to conventional bus, transit rail has the advantage of large capacity, high speed, greater punctuality and energy saving, and is gradually shouldering the backbone of urban public transit systems. Hence, an important question needs to be answered: Is transit rail's operational effectiveness higher than that of conventional bus? Figure 5 exhibits a comparison between the two modes in the four cities that have put transit rail into operation. The figure clearly reveals that transit rail has surely more operational effectiveness than conventional bus. However, even with this superiority, the transit rail does not always have the ability to improve the operational effectiveness of the whole public transit system. For example, Suzhou's average operational effectiveness of the whole system is equal to that of conventional bus (0.92). This implies that Suzhou's operational effectiveness has not improved since the transit rail opened. Hangzhou's operational effectiveness has even descended (0.89 to 0.85). It is remarkable that Shenzhen and Guangzhou have respectively put eight and nine rail lines into operation by the time of this study, and Suzhou and Hangzhou have opened two and three lines, respectively. We infer that the transit rail network scale in a city may determine whether the transit rail has a positive effect on the overall operational effectiveness of the urban public transit systems. That is to say, in a city with a large-scale transit rail, the transit rail may improve the city's overall operational effectiveness; otherwise, this is not the case.
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Guangzhou have respectively put eight and nine rail lines into operation by the time of this study, and Suzhou and Hangzhou have opened two and three lines, respectively. We infer that the transit rail network scale in a city may determine whether the transit rail has a positive effect on the overall operational effectiveness of the urban public transit systems. That is to say, in a city with a large-scale transit rail, the transit rail may improve the city's overall operational effectiveness; otherwise, this is not the case. 
Exogenous Environment Analysis
To eliminate the impact of exogenous environment on the performance of the public transit system, we integrated uncontrollable environmental factors and the externality of public transit into the measurement framework. However, any differences resulting from introduction of these two types of environmental variables has not yet investigated. Therefore, based on the panel data of 11 cities from 2009 to 2016, we further calculated other operational effectiveness scores without considering environmental variables, as shown in Tables A4-A6 in Appendix B. Furthermore, to test whether the two operational effectiveness scores are significantly different, i.e., Table A3 vs. Table A6 , we conducted a nonparametric test (the Mann-Whitney U test). The Z value of the test is −3.372, and the p-value equal to 0.001 is smaller than 0.05 (2-tailed). Thus, we reject the null hypothesis at a significance level of 0.05, suggesting that the operational effectiveness under the two considerations are significantly different. The exogenous environment has a marked impact on the performance measurement for the public transit system.
Projecting to Efficiency
An important objective of performance evaluation of the public transit system is to identify the deficiency in inefficient systems and propose feasible measures to improve their performance. Specifically, each inefficient DMU needs to be projected onto the efficiency frontier derived from the SE-NDEA model either by (a) decreasing the current level of inputs while maintaining outputs, or (b) increasing outputs while maintaining the inputs [18] . Regarding public transit, because of the great support by central and local governments due to its positive externalities, strategies that involve decreasing inputs are always inapplicable. Thus, we chose strategies addressing (b) as our primary measures. That is also one of the reasons why the output-oriented SE-NDEA was adopted in this paper.
Technically, an output-oriented DEA model obtains outputs' movement quantities by efficiency scores and slacks generated from the model. The efficiency scores represent the increased proportion of outputs needed to move onto the efficiency frontier, namely, proportionate movement. The slacks represent how much the outputs need to be increased before they come to affect their efficiency, namely, slack movement [41] . In other words, the outputs with slacks equal to zero are the primary "short slabs" which need to be projected. Based on this idea, we proposed projections that can make inefficient transit systems achieve efficiency and effectiveness by proportionally increasing outputs whose slacks are equal to zero and maintaining the current level of inputs. Table 5 presents the projections for seven cities with an operational effectiveness in 2016 of less than 0.9. It is clear that the movements required for Taiyuan to achieve operational effectiveness are substantially larger than those for other six cities. Consistent with the previous analysis, this is basically due to the fact that Taiyuan is the most inefficient and ineffective of all DMUs. The vehicle-km, punctuality, revenue, and passenger satisfaction of Taiyuan's public transit all need to be improved. Further, in most cities, the projection values of speed, revenue, and ridership have the same level as their original data, but other variables, i.e., vehicle-km, punctuality, and passenger satisfaction, are frequently projected. This illustrates the fact that these Chinese cities, with inefficient and ineffective transit system, have a scarcity of transit service and a relatively bad subjective impression regarding the passengers' perspective.
Figures 6-8 describe the relationships between production efficiency for all public transit systems and their inputs. We can see the trend that the efficiency scores experience a process of first rising, then declining with the increase of subsidies, bus line lengths, and employees. Such a relationship suggests the efficiency suffers from negative impact due to an excess in public transit system inputs. Specifically, the seven DMUs with operational effectiveness in 2016 of less than 0.9 are also shown in Figures 6-8 as red points. As can be seen, the inputs of these cities are much less than the maximum peak value derived from the 11 Chinese cities, revealing the fact that a great deal of support and investment in public transit are still required for these Chinese cities. It is clear that the movements required for Taiyuan to achieve operational effectiveness are substantially larger than those for other six cities. Consistent with the previous analysis, this is basically due to the fact that Taiyuan is the most inefficient and ineffective of all DMUs. The vehicle-km, punctuality, revenue, and passenger satisfaction of Taiyuan's public transit all need to be improved. Further, in most cities, the projection values of speed, revenue, and ridership have the same level as their original data, but other variables, i.e., vehicle-km, punctuality, and passenger satisfaction, are frequently projected. This illustrates the fact that these Chinese cities, with inefficient and ineffective transit system, have a scarcity of transit service and a relatively bad subjective impression regarding the passengers' perspective.
Figures 6-8 describe the relationships between production efficiency for all public transit systems and their inputs. We can see the trend that the efficiency scores experience a process of first rising, then declining with the increase of subsidies, bus line lengths, and employees. Such a relationship suggests the efficiency suffers from negative impact due to an excess in public transit system inputs. Specifically, the seven DMUs with operational effectiveness in 2016 of less than 0.9 are also shown in Figures 6-8 as red points. As can be seen, the inputs of these cities are much less than the maximum peak value derived from the 11 Chinese cities, revealing the fact that a great deal of support and investment in public transit are still required for these Chinese cities. 
Conclusions
This paper proposes a super-efficiency network DEA (SE-NDEA) model to evaluate the performance of the public transit system. A case study of 11 cities in China was investigated using the SE-NDEA model. This study contributes to the existing literature on public transit evaluation in three ways. First, we have integrated all relevant perspectives into the performance evaluation, namely, local authority, bus operators, passengers, uncontrollable environmental factors, and the externality of public transit. Second, the evaluation model allows us to evaluate a public transit system with boundary-valued variables, such as passenger satisfaction, and does not overestimate the efficiency score. Finally, we identify operational deficiencies in inefficient transit systems by projecting them to efficiency. The main results are summarized as follows:
1. A city with a large population is more likely to be production-efficient than service-effective, whereas a city with a small population is more likely to be service-effective than production-efficient. Moreover, service effectiveness has a significantly positive correlation with production efficiency. With respect to the overall operational effectiveness, super cities tend to perform better than mega cities, and mega cities tend to perform better than large cities.
2. Transit rail has more operational effectiveness than conventional bus. Moreover, it has the ability to improve a public transit system's operational effectiveness when developed to a large scale, due to economies of scale.
3. By comparing efficiency scores with and without considering exogenous variables, we found that exogenous environment had a marked impact on the performance measurement of the public transit system.
4. By projecting inefficient and ineffective transit systems to efficiency and effectiveness, we found that there is a shortage of investment in public transit by both local authority and bus operators in some Chinese cities. Meanwhile, these Chinese cities have a scarcity of transit service and a 
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Transit rail has more operational effectiveness than conventional bus. Moreover, it has the ability to improve a public transit system's operational effectiveness when developed to a large scale, due to economies of scale.
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By comparing efficiency scores with and without considering exogenous variables, we found that exogenous environment had a marked impact on the performance measurement of the public transit system. 4.
By projecting inefficient and ineffective transit systems to efficiency and effectiveness, we found that there is a shortage of investment in public transit by both local authority and bus operators in some Chinese cities. Meanwhile, these Chinese cities have a scarcity of transit service and a relatively unsatisfactory impression from passengers.
Several policy implications can be obtained from the results above. First, a city with a large population should pay more attention to service effectiveness, while a city with a small population should be concerned with the production efficiency. Second, with the background of serious air pollution and traffic congestion in China, the large-scale construction of transit rail is a good choice for Chinese large cities. Third, for the inefficient and ineffective transit systems in China, a great deal of support and investment in public transit from local authority and bus operators is still required to increase the supply of public transit services and improve passenger satisfaction. This paper has some limitations. First, this paper only included specific input and output variables due to problems regarding the availability of high-quality data. For example, regarding input variables, we did not consider bus operators' fuel consumption, which is a conventional input variable in previous literature [9, 26, 29] . Second, only several cities have been investigated, and studying more cities may provide more insights. Third, we simply set the consumption process as important as the production process, and did not investigate how the different weighting coefficients would impact the DMUs' operational effectiveness score. On the basis of these limitations, several future research issues are proposed. First, including more input and output variables may lead to more results. For example, regarding the externality of public transit system, it is reasonable to incorporate CO 2 emissions into the evaluation. Second, the impact of the two weight coefficients (i.e., w1 and w2) on operational effectiveness deserves attention and further study. Finally, in addition to traditional evaluation methods, new methods should be tried and used in the study of public transit performance. For example, predictive markets can be used to forecast public transit demand, and then derive appropriate inputs to achieve effective operation [54] ; design thinking can be used to cherish multiple perspectives and rich frameworks of the public transit problem [55] . 
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